The olfactory bulb (OB) is the very first site of odor information processing, yet a wealth 13 of contextual and learned information has been described in its activity. To investigate 14 the mechanistic basis of contextual modulation, we use whole-cell recordings to 15 measure odor responses across rapid (<30 min) learning episodes in identified 16 mitral/tufted cells (MTCs). Across these learning episodes, we found that diverse 17 response changes occur already during the first sniff cycle. Motivated mice develop 18 active sniffing strategies across learning, and it is this change of active sampling state 19 that dynamically modulates odor responses, resulting in enhanced discriminability and 20 detectability of odor representation with learning. Evoking fast sniffing in different 21 behavioral states demonstrates that response changes during active sampling exceed 22 those predicted from purely feed-forward input. Finally, response changes are highly 23 correlated in tufted cells, but not mitral cells, indicating cell-type specificity in the effect 24 of active sampling, and resulting in increased odor detectability in the tufted and 25 enhanced discriminability in the mitral cell population over the rapid learning episodes. 26 Altogether, we show that active sampling state is a crucial component in modulating 27 and enhancing olfactory bulb responsiveness on rapid timescales. 28 29 128 unpaired t-test between 5 early and 5 late trials), with 19% (8/42) showing a positive change, 129 and 11% (5/42) showing a negative change (Figure 2E; Figure S5C ). These changes led to 130 an increase in the diversity of responses between early and late trials across the sample, 131 though this did not quite reach significance (early SD = 2 mV, late SD = 2.6 mV; p = 0.06, 132
Introduction 30
The ability to respond to sensory stimuli according to learning and context is vital for 31 orchestrating appropriate behavior. Our view of sensory processing has shifted away from the 32 simplicity of passive feed-forward models driven by sensory stimuli, to one that additionally 33 incorporates contextual information provided by top-down circuits into the ongoing processing 34 (Engel et al., 2001) . This has been driven in part by observations that activity in primary 35 sensory cortex is widely modulated by contextual information: locomotion, attention, reward 36 timing and experience all modulate visual cortex activity (Chubykin et al., 2013; Fiser et al., 37 2016; Ito and Gilbert, 1999; Niell and Stryker, 2010) , while whisking behavior and social 38 context modulate barrel cortex activity (Crochet and Petersen, 2006; Ferezou et al., 2006 ; 39 Lenschow and Brecht, 2015) . 40
The olfactory bulb (OB) is the very first site of odor information processing, yet already 41 modulation of OB neural output by a wealth of contexts and behavioral tasks has been 42 described from recordings of suprathreshold activity, including unit recordings, calcium 43 imaging, and LFP recordings. These include modulation of odor responses by hunger state 44 (Pager, 1974; Pager et al., 1972) , task-engagement (Fuentes et al., 2008) , reward anticipation 45 (Doucette and Restrepo, 2008) , conditioned aversion (Kass et al., 2013) , and even non-46 olfactory events (Kay and Laurent, 1999; Rinberg et al., 2006) . Recently, a number of studies 47 have described changes in mitral and tufted cell (MTC) odor responses over the course of 48 olfactory learning (Chu et al., 2016; Doucette and Restrepo, 2008; Yamada et al., 2017) . 49
Despite the prominence of such studies, the mechanistic basis underlying contextual 50 modulation of the circuit is still unclear. In particular, rarely have these contextual modulations 51 been interpreted in the framework of active sampling behavior, which is known to be controlled 52 in a complex and context dependent manner (Wachowiak, 2011) , including over the learning 53 of olfactory tasks (Kepecs et al., 2007; Wesson et al., 2008 Wesson et al., , 2009 Youngentob et al., 1987) . 54
Not only this, but unit recordings as well as imaging do not have access to subthreshold 55 activity, while the former also has the potential to misidentify cell types and bias recordings 56 toward a subpopulation of MTCs that have high baseline firing rates (Kollo et al., 2014) . 57
To investigate the mechanistic basis of task dependent changes in mitral and tufted cell odor 58 responses, we recorded from identified mitral and tufted cells using blind whole-cell recordings 59 in vivo in a range of behavioral states. We optimised training protocols for an olfactory task to 60 facilitate very rapid olfactory discrimination learning episodes, which allowed us to make 61 whole-cell recordings over the full learning epoch. At the same time, we measured sniffing 62 behavior using an external flow sensor. Altogether, we provide evidence that learned active 63 sampling behavior overtly modulates olfactory responses in a cell-type specific way that 64 cannot be explained by feed-forward input, and overall appears to enhance the representation 65 of odors across the olfactory bulb. 66
Results

67
There are differences in odor responses according to behavioral state 68
We recorded from 23 MTCs in passive mice exposed to repeated stimulation of odor mixtures 69 ( Figure S1 ), as well as 21 MTCs in mice during learning of a simple olfactory go/no-go 70 discrimination task with the same mixtures. In our task-learning mice, after pre-training on 71 different odorants ( Figure S2A ), mice underwent very rapid learning on a novel pair of odor 72 stimuli, reaching criterion within 10-20 minutes ( Figure S2B) . It was thus possible to make 73 stable whole-cell recordings over the full timescale of learning. MTCs were distinguished from 74 interneurons as previously described (Kollo et al., 2014) , using independent component 75 analysis of the AHP waveform. This was confirmed with morphological reconstruction of 9 76 MTCs ( Figure S3 ; see methods). 77
To first determine whether the two behavioral states cause any general change in olfactory 78 bulb physiology, we applied a series of current steps and compared the basic properties of 79 cells between the passive and learning states. Both the passive properties (resting membrane 80 potentials, input resistance and membrane time constants) and spontaneous activity 81 (spontaneous firing rates and sniff phase-modulation of membrane potential -'sniff-Vm mod.') 82 of cells revealed little detectable difference in either average values or variance (see 83 supplemental information; Figure S4A -F). 84
Next, basic odor response properties were compared between MTCs in passive ( Figure 1A ; 85 46 cell-odor pairs) and task-learning mice ( Figure 1B ; 42 cell-odor pairs). Note that all odor 86 responses in the manuscript are aligned on each trial to the first inhalation onset. Comparing 87 passive and learning cohorts by averaging responses across all trials for a given cell-odor pair 88 revealed that firing rate (FR) responses did not overtly differ in distribution between passive 89 and behaving mice ( Figure S4G -H). Median FR responses were similar (passive: median 90 = -0.84 Hz, IQR = -2.2-1.1 Hz; learning: median = -0.51 Hz, IQR = -2.8-2.1 Hz, p = 0.84, 91 Ranksum), as was variance across cell-odor pairs (p = 0.42, Brown-Forsythe test). Measuring 92 a cell's input using subthreshold responses offers us a more sensitive measure of many 93 response parameters, including temporal features and inhibition. Taking average membrane 94 potential responses revealed that these do not differ much between the two behavioral states 95 in terms of means (passive: mean = -1.5 mV, SD = 1.8 mV; learning: mean = -1.7 mV, SD = 96 2.4 mV; p = 0.67, unpaired t-test; Figure 1Ci -ii), however response variance was larger across 97 cells in learning mice relative to passive mice, due to higher representation of both strong 98 inhibition and excitatory responses (p = 0.05, unpaired t-test, n = 42 vs 46; Figure 1Cii ). 99
We next compared temporal features of the subthreshold responses. Comparing response 100 onsets between passive and learning mice revealed a significant shift towards earlier onsets 101 in learning mice (passive: median = 85 ms, IQR = 70-110 ms, n = 39; learning: median = 70 102 ms, IQR = 60-90, n = 36; p = 0.004, Ranksum; Figure 1D ), with 33% of responses occurring 103 before 70 ms in learning mice, and only 10% in passive mice. Just as for baseline activity 104 ( Figure S4F ), activity during odor response is often locked to the sniff cycle. We calculated the 105 amplitude of membrane potential modulation when aligned to sniff phase (sniff-Vm modulation 106 amplitudes) during the odor response ( Figure 1E ; see methods for details) to quantify to what 107 degree each cell-odor pair was locked to the sniff cycle during odor stimulation. Overall, 108 passive cell-odor pairs showed a significantly higher degree of patterning by the sniff cycle 109 (A) Example odor response traces for three different cell-odor pairs recorded in passive mice, aligned to first inhalation onset. (B) As for panel A, but for cell-odor pairs recorded in learning mice. Ci) Heatmap of Vm responses averaged across all trials for each cell-odor pair, sorted by mean 500 ms Vm response, for both passive (n=46) and learning (n=42) datasets. Black bar indicates odor stimulus, aligned to first inhalation onset. (Cii) Left: Histograms of average 500 ms Vm responses for (top) passively exposed and (bottom) learning mice. Right: cumulative histograms comparing average Vm response data for passive (grey) and learning (gold) cell-odor pairs. (D) Comparison of response onset latency for learning and passive mice. Left shows examples: average membrane potential waveforms averaged over all trials. t=0 indicates when the odor turned on, aligned to the first inhalation onset. Red dotted lines indicate upper bounds and lower bounds (calculated as mean ± SD of the baseline membrane potential). When the Vm waveform rises above or below the upper or lower bound respectively for at least 50 ms, this is when response onset is defined (blue dotted line, ON). Right: cumulative histograms to compare response onsets for passive and learning mice. (E) Left: example of a highly sniff-locked odor response from a passive mouse across the first 4 sniff cycles. 'Flow' shows nasal flow trace. Below trace shows example average phase aligned membrane potential for first four sniffs of the odor response. Shaded area shows SD. 'Sniff-Vm mod.' indicates the calculation of sniff-Vm modulation amplitude (see methods). Right: Cumulative histograms to compare sniff-modulation amplitudes for passive and learning mice. 7 frequent significant changes (4%, 2/46 cell-odor pairs), and no change in variance across the 136 sample (SD early = 1.9 mV, SD late = 2.0 mV, p = 0.58, Bartlett test; Figure 2E and S5D). 137
Overall, there was significantly higher variance in response changes for cell-odor pairs 138 recorded in learning compared to passive mice (learning ΔVm SD = 1.5 mV; passive ΔVm SD 139 = 1.1 mV; p = 0.02, Bartlett test; Figure 2F ). Learning-related changes were not due to time-140 dependent effects of recording, since recording durations in passive and learning were 141 matched ( Figure S5E ). Response changes did not reflect the contingency of the odor or 142 response of the animal, since the distribution of changes showed no significant difference 143 between CS+ and CS-stimuli (p = 0.77, paired t-test; Figure S5F ), and were even correlated 144 (R 2 = 0.44, p = 0.001; Figure S5G ). 145
What aspects of the response change could potentially be used to aid decision making? Mice 146 are known to make simple olfactory discriminations within the timescale of a single sniff cycle. 147
Congruently here, we find reaction times as low as 170 ms ( Figure S2C -D). By identifying the 148 onset of response change (see methods), we could show that 71% of identifiable changes 149 occurred prior to 170 ms (median ΔVm onset = 120 ms, IQR = 20-220 ms, Figure 2G and S5H), 150 and 45% occurred prior to the 1st percentile of sniff durations (107 ms; Figure S5J ). Thus, 151 changes occur within the timescale of a single sniff cycle, and therefore could contribute to 152 decision making. To assess the functional consequence of the learning-related changes for 153 odor representation within this short timescale, we constructed a population response vector 154 from the full sample of cell-odor pairs (similar to Figure S5C -D) and calculated the Euclidean 155 distance of this population response vector from baseline data (see methods for details). We 156 found that peak detectability within the first 170 ms of odor response significantly increased 157 between early and late trials (peak early = 31.9 ± 0.8 mV, late = 40.1 ± 1.0 mV; p = 4x10 -5 , 158 unpaired t-test, n-5; Figure 2H ), while no such significant changes were observed for passive 159 exposure (peak early = 35.3 ± 0.3 mV, late = 37.1 ± 1.6 mV; p = 0.06 unpaired t-test, n-5; 160 Figure 2H ). By calculating Euclidean distances between response vectors for CS+ and CS-161 stimuli, we also observed a significant increase in discriminability of the two odors across the 162 8 163 Black boxes indicate onset of change (>2 SD for at least 5 consecutive points). T=170 ms is indicated as the minimal detected reaction time. Continued on next page… recording for learning (peak early = 19.8 ± 1 mV, late = 25.0 ± 2 mV, p = 5x10 -4 ; Figure 2J ) but 164 not passive mice (peak early = 20.4 ± 1.9 mV, late = 19.9 ± 1.3 mV, p = 0.68). Since both 165 discriminability and detectability peaked within 100 ms from odor onset, this enhanced 166 representation occurred within the timescale of the first sniff cycle. 167
Thus, diverse response changes specifically occur across learning occurring on the timescale 168 of a single sniff cycle, giving rise to enhanced early odor representation. 169
Active sampling strategies emerge across task learning 170
What are the mechanisms underlying these response changes? Odors are acquired from the 171 environment through sniffing behavior, which is subject to complex contextual modulation 172 within the first 500 ms of the stimulus ( Figure 3A ). When comparing early and late learning 176 trials, we noticed that mice showed significant changes in sniff behavior during the odor 177 stimulus, with faster, sharper inhalations emerging gradually across learning (reduced MID, 178 Across all cell-odor pairs, a large fraction underwent significant changes in MID during learning 181 (26%, 10/38 cell odor pairs; Figure 3D ). In stark contrast, passively exposed mice showed far 182 (H) Left plots: Euclidean distance as a function of time since odor onset (t=0, aligned to first inhalation onset) between population vectors for odor response, and control vectors initiated by an inhalation during the inter-trial interval. This gives an indication of the detectability of the odor response across the sample. Black plot is calculated from early trials, maroon plot is calculated from mid-point trials, and red plot is calculated from late trials. Each is averaged over 5 trial subsets (see methods for details), and shaded area indicates standard deviation. Right: plot to show peak detectability within the first 170 ms of the stimulus across early, mid-point and late trials. Plot shows mean across the 5 trial subsets, and errorbars show standard deviation. Gold plot is for learning mice (n=42 cell-odor pairs), and grey plot is for passive mice (n=46 cell-odor pairs). (J) As for H, but with the Euclidean distance measured between population vectors for the CS+ and CS-to give an indication of the discriminability of the two responses across the sample. more stable MID, with only 12% of cell odor pairs showing significant change ( Figure 3D ), and 183 substantially less variation in the ∆MID; learning: SD = 24 ms, passive: SD = 9 ms, p = 3x10 -8 , 184
Bartlett test; Figure S6A ). Comparing cumulative histograms of the MID change between 185 learning and passive mice revealed that a significantly larger proportion of learning mice 186 underwent reductions in MID exceeding 20 ms (learning: 26%, passive: 2%; p<0.01, 187 bootstrapping; Figure 3E ). Changes in MID across the population of learning mice again 188 correlated very well with changes in sniff frequency (R 2 = 0.59, p = 3x10 -8 ; Figure 3F ). 189
In learning mice, changes in MID were highly correlated between rewarded and unrewarded 190 odors (R 2 = 0.54, p = 3x10 -4 , Figure S6B ) and already the first inhalation after odor onset 191 showed a pronounced reduction in duration ( Figure 3G ), with a tight correlation between 192 changes in MID and changes in the first inhalation duration (FID; R 2 = 0.77, p = 7x10 -13 ; Figure  193 3H). Together this suggests that rapid sniffing in learning mice is likely to reflect an active 194 sampling strategy rather than changes concomitant with reward anticipation or licking 195
response. 196
What causes the variance in sniff changes across mice? Response vigour has previously been 197 used as a measure of motivation levels in mice (Berditchevskaia et al., 2016) . We noted that 198 some mice would respond more eagerly to the CS+ stimulus than others, with larger frequency 199 of anticipatory licking (licking 500-2000 ms after odor onset) in the late trials after learning was 200 complete, while others would wait during the odor stimulus and only lick during the subsequent 201 response period ( Figure 3J ). The number of anticipatory licks in late trials correlated well with 202 the change in MID across learning, with reductions in MID associated with higher frequency 203 anticipatory licking (R 2 = 0.54, p = 4x10 -4 ; MID change averaged across CS+ and CS-for each 204 cell-odor pair; Figure 3K ). Since the correlations existed for changes in MID for both CS+ and 205 CS-alone ( Figure S6C ), these associations were not due to simple motor effects relating to 206 the go response or reward expectation. Reduced MID was also significantly associated with 207 shorter reaction time ( Figure 3L ; R 2 = 0.23, p = 0.04, MID change averaged across CS+ and 208 CS-for each cell-odor pair). 209 11 210 Thus, mice displayed changes in active sampling strategy forming across the learning session, 211 with the development of fast sniffing associated with high motivation and short reaction times. 212
Positive response changes are tightly linked to changes in active sampling 213
Since the MTCs recorded in awake animals were widely modulated by sniffing ( Figure 1E the R 2 of the correlation between MID and response across trials (R 2 =0.38, p=4x10 -5 , n=42; 243 Figure 4F ). 244
We also assessed whether sniffing could account for the differences in response onsets and 245 sniff-Vm modulation amplitudes seen between passive and task-learning state ( Figure 1D and 246 E). Analysing these parameters over trials selected to match sniff parameters for each group 247 demonstrated that differences in sniffing indeed accounted for differences in response onset 248 and average sniff-Vm modulation amplitudes, although passive cell-odor pairs still showed a 249 tendency toward very large sniff-Vm modulation amplitudes ( Figure S7 ; see supplemental 250 information). 251
How did changes in active sampling impact on changes in odor representation across the 252 dataset? To test this we split the learning population according to MID change as before 253
( Figure 4A-C) . When recalculating the Euclidean distances for these individual datasets, we 254 found that the increase in detectability largely occurred alongside large MID change (early 255 peak=25.1±1.0 mV, late peak=33.7±1.4 mV; p=7x10 -4 , unpaired t-test; Figure 4G ), and was 256 far smaller and less significant in those undergoing small MID change (early peak=20.0±1.2 257 mV, late peak=23.1±2.6 mV; p=0.04, unpaired t-test; Figure 4G ). We found the same result 258
for changes in discriminability, with a significant increase only in cases where ΔMID for both 259 CS+ and CS-stimuli was large (large ΔMID: peak early=13.2±0.8 mV, late=19.6±1.8 mV, 260 p=0.002, unpaired t-test; small ΔMID: peak early=15.4±1.0 mV, late=16.1±1.5 mV, p=0.28, 261 unpaired t-test; Figure 4H ). 262 We next wanted to investigate the effect of dynamic changes in behavioral state on the 269 changes in active sampling and odor responses observed. To do this, we recorded from 8 cell-270 odor pairs in an entirely new cohort of mice who were trained to criterion on the task prior to 271 recording. If the rapid sniffing is indeed an active strategy for odor acquisition during behavior, 272
we would expect the strategy to disappear if the task comes to an end (i.e. transition to passive 273 odor exposure), and re-emerge when the task reinitiates. To test this, we implemented a 274 paradigm in which task engagement could be reversibly changed by physically removing and 275 re-introducing the water reward spout ( Figure 5A ), resulting in rapid switches between 276 olfactory behavior and passive exposure as indicated by animal licking responses ( Figure 5A Similarly, in our awake animals, we found that membrane potential during odor stimulation 301 showed widespread modulation by the sniff cycle, with a variety of sniff-Vm modulation 302 amplitudes ( Figure 1E ). Thus, it is possible that changes in response occurring with rapid 303 sniffing at least partially result from bottom-up changes in the sniff-locked input pattern from 304
OSNs. 305
We thus assessed whether evoking changes in sniffing similar to those observed in behaving 306 animals could directly elicit response changes even in the absence of olfactory behavior. We 307 found that unexpected whisker stimulation briefly increased sniff rates in passive mice ( Figure  308 6A), quantitatively reproducing (and even exceeding) the sniff changes seen during learning 309 ( Figure S9 ). When paired with odor delivery, this resulted in a variety of largely positive odor 310 response changes (∆Vm=+0.65±0.82 mV, p=0.03, paired T-test, n=10; Figure 6B ). If these are 311 mediated by bottom-up effects on the sniff-locked input, we may expect the changes to 312 correlate with the degree to which the response is sniff-coupled. Indeed, the response 313 changes were strongly correlated with the amplitude of sniff-Vm modulation, such that highly 314 sniff locked cells underwent the largest changes when sniffing was altered ( Figure 6C ). These 315 response changes are unlikely to be due to changes in arousal or from somatosensory input, 316 since they were similarly present in anaesthetized mice, where using a double tracheotomy 317 the frequency of artificial sniffing (airflow through the nose) could be altered independent of 318 free tracheal breathing ( Figure 6D-E) . Response changes in anaesthetized mice were also 319 significantly correlated with sniff-Vm modulation amplitude (R 2 =0.71, p=0.006, n=9; Figure 6F ). 320
Thus, in absence of olfactory behavior, evoking sniff changes results in response changes 321 which depend on the amount of sniff-locked input to the cell. 322
We next wanted to assess whether this was the case in behaving mice. We thus pooled Figure 6H ). 338
While this suggests that sniff-evoked response changes in behaving mice exceed those 339 expected based purely on sniff-locked feed-forward input, this does not mean that such 340 response changes are any less linked to the sampling behavior of the animal. When 341 comparing R 2 values for the correlation between MID and Vm response across trials for each 342 cell-odor pair, we found no significant differences in the distributions between anaesthetized, 343 passive and behaving mice ( Figure 6J 
Effect of fast sniffing in absence of odor depends on feed-forward input in learning and 352 passive mice 353
A previous study in the visual system has shown that modulation of visual responses happens 354 temporally locked to saccade generation (Han et al., 2009 ). Since activity even in absence of 355 odor is widely modulated by the sniff cycle (Cang and Isaacson, 2003; Fukunaga et al., 2012; 356 Macrides and Chorover, 1972; Figure S4F ), and sniff changes evoke activity changes in all 357 behavioural states given that they are highly sniff-coupled ( Figure 6 ), this made it likely that 358 sniff changes even in absence of odor would cause activity changes. We wanted to test 359 whether the enhancement of response change during active sampling ( Figure 6G -H) occurred 360 only during the odor stimulus, or whether there is a generally increased sensitivity to sniff 361 changes during behavior that extends outside the stimulus sampling period. 362
To examine this, we made use of spontaneous bouts of rapid (>5 Hz) sniffing that occur in 363 awake mice during the inter-trial intervali.e. in absence of odor ( Figure 7A ). Consistent with 364 previous imaging data ( Kato et al., 2013) , it was clear that in certain cells, overt depolarising 365 and hyperpolarising changes in activity would occur coinciding with such rapid sniff bouts 366 ( Figure 7A ). Quantifying the change in mean membrane potential evoked by fast sniffing 367 across 26 MTCs revealed almost two thirds significantly changed their mean potential during 368 fast sniffing, with 7 depolarizing and 9 hyperpolarizing (p<0.05, bootstrappingsee methods, 369 Figure 7A ). Thus, sniff changes evoke response changes even in absence of odor. To test 370 how these depended on bottom-up sniff-locked input, we again compared the magnitude of 371 the response changes to their sniff-Vm modulation amplitudes. This resulted in a robust 372 correlation (R 2 =0.46, p=0.001, n=26; Figure 7B ), indicating that these changes are again likely 373 the result of changes in feed-forward input. 374
To test any differences in sensitivity to sniff change caused by behavioral state, we split the 375 data into those from behaving mice (n=16) and those from passive mice (n=10). Comparing 376 the actual Vm change to the expected Vm change (as calculated using the linear model 377 generated from the linear regression, ΔVex=0.31*T+0.01 mV, where ΔVex=expected absolute 378
Vm change, and T= sniff-Vm modulation amplitude), showed that the difference between 379 expected and actual Vm change did not significantly differ from zero for either passive (mean 380 actual-expected=0.17±0.57 mV, p=0.37, paired t-test, n=10) or behaving cell-odor pairs (mean 381 actual-expected=-0.11±0.36 mV, p=0.25, paired t-test, n=16; Figure 7C ), and did not 382 significantly differ between passive and behaving datasets (p=0.14, unpaired t-test; p=0.1, 383
Bartlett test). Altogether this indicates that enhanced response change during rapid sniffing in 384 a behaving animal is only true during the odor sampling period. 385
Since cells could depolarise or hyperpolarise during fast sniffing, we sought to determine 386 whether the sign of response change was also predictable from sniff-locking properties. 387
Evidence from anaesthetized mice suggests that MCs are driven by feed-forward inhibition 388 and lock to inhalation, while TCs are driven by feed-forward excitation and lock to exhalation 389 (Fukunaga et al., 2012) . To test this in awake mice, we recovered 9 morphologies of MTCs 390 (e.g. Figure 7D ), and identified them as MCs (n=5) or TCs (n=4). Congruent with the previous 391 data, the two cell types had subthreshold membrane potential which locked to different phases 392 of the sniff cycle: morphologically-confirmed MCs locked to inhalation, while TCs locked to 393 exhalation ( Figure 7E ). We next examined the relationship between phase preference and the 394 effect of fast sniffing across the full sample of cells. The sign of the change in activity during 395 fast sniffs was strongly related to the phase coupling of the cell to the sniff cycle ( Figure 7F) , 396 with inhalation-locked cells hyperpolarising and exhalation-locked cells depolarising. We 397 calculated the phase boundaries for best separation of hyperpolarising and depolarising cells 398 (as drawn in Figure 7F ; see methods), and the phase preferences of morphologically identified 399
MCs and TCs conformed to these boundaries ( Figure 7F , red triangles and blue diamonds). 400
Cells within the inhalation boundaries (0.39-4.11 rad; putative MCs) showed significantly more 401 hyperpolarising effects of fast sniffing than those within the exhalation boundaries (4.11-0.39 402 rad; putative TCs) (putative MC, median ΔVm=-0.39 mV, IQR=-0.66 to -0.17 mV, n=16; 403 putative TC median ΔVm= 0.19, IQR=0.08-0.66, n=11; p=9x10 -4 , Ranksum; Figure 7G ). 404 Thus, in absence of odor, the effect of fast sniffing on response is predicted by the sniff-driven 406 input of the cell regardless of behavioural state, and the sign of response allows identification 407 of putative MCs and TCs. 408
Tufted cells show more highly correlated changes than mitral cells 409
Since our data suggests involvement of extrabulbar circuits in shaping responses during active 410 sampling, and previous work has suggested that both learning and neuromodulatory activity 411 in pTCs showed a significant tendency toward strong excitation compared to pMCs (Figure 417 S10), as has previously been demonstrated (Nagayama et al., 2004) . 418
The distribution of early subthreshold responses (prior to learning) for pMCs and pTCs did not 419 significantly differ (pTCs: -1.1±1.9 mV, n=16; pMCs: -1.8±2 mV n=26; p=0.26, unpaired t-test; 420 Figure 8A ), however pTCs showed significantly more positive responses compared to pMCs 421 in late responses after learning was complete (pTCs: median=0.3 mV, IQR=-1.3-1.1 mV, 422 n=16; pMCs: median=-2.1 mV, IQR=-3.2-0.5 mV, n=26; p=0.01, Ranksum), consistent with 423 previous findings that TCs show more excitatory responses and receive less lateral inhibition 424 than MCs (Christie et al., 2001; Nagayama et al., 2004) . Comparing response changes across 425 learning for putative MCs and TCs, we found that the two groups did not significantly differ in 426 terms of mean or variance of response change (pTCs: 0.64±1.7 mV; pMCs: -0.14±1.4 mV; 427 p=0.1, unpaired t-test; p=0.46, Bartlett test; Figure 8B ). Comparing the R 2 values for the 428 correlations between inhalation duration and Vm response across trials also indicated that in Brown-Forsythe test; Figure 8C ). 432
We next compared the response changes for CS+ and CS-stimuli across learning for pMCs 433 and pTCs individually. For tufted cells, response changes for the two stimuli were highly 434 significantly correlated (R 2 =0.65, p=0.002, n=12 cells), whereas this was not the case for 435 pMCs (R 2 =0.21, p=0.13, n=13 cells; Figure 8D ). The same difference was seen when looking 436 at the R values between MID and Vm response across trials: pTCs showed highly correlated 437 R values between CS+ and CS-stimuli (R 2 =0.72, p=0.001, n=11), while pMCs did not 438 (R 2 =0.26, p=0.1, n=12; Figure 8E ). 439
Since response changes were overall less correlated between CS+ and CS-for MCs, we 440
wanted to compare the change in discriminability of the responses across learning for pMCs 441 compared to pTCs. Using the Euclidean distance between population response vectors for 442 CS+ and CS-stimuli, we found that pTCs did not show a significant change in peak 443 discriminability across learning (mean peak early=9.4±1.6; late=10.4±2.6 mV, p=0.41 444 unpaired t-test, n=5), however pMCs did show a significant increase in peak discriminability 445 (mean peak early=10.1±0.4; late=13.1±1.9 mV, p=0.01 unpaired t-test, n=5; Figure 8F ). Both 446 cell types however significantly contributed to increased detectability of the stimulus across 447 learning, though this was more pronounced for TCs rather than MCs (TCs: peak early= 448 15.9±1.2 mV, peak late=21.5±1.8 mV, p=0.001, unpaired t-test; MCs: peak early=31.0±2.2 449 mV, peak late= 33.9±1.1 mV, p=0.01, unpaired t-test; Figure 8G ). 450
Thus, while response changes across learning were generally quite similar for MCs and TCs, 451
TCs showed more highly correlated changes while the less correlated changes in MCs appear 452 to enhance discriminability of the stimuli. 453
Discussion
454
Active sampling behavior is a fundamental feature of sensory information acquisition. 455
Theoretical and psychophysical evidence has driven hypotheses that active sampling 456 strategies during behavior may be used to optimize sensory information flow (Ahissar and 457 Assa, 2016; Laing, 1983; Yang et al., 2016) . Here using whole-cell recordings in awake mice, 458
we found a number of differences in subthreshold responses between passive and learning 459 mice (Figure 1) , with variance in responses developing across the rapid learning episode 460 ( Figure 2) . In parallel, we found that active sniffing develops across learning in motivated mice 461 Figure 5 ), where response change is calculated as engaged-disengaged response, while circles are from learning data (response change=late-early response). (E) As for G, but for the R value between MID and Vm response across trials for each cell odor pair. (F) Left: Euclidean distances for the discriminability between CS+ and CS-during early (black), mid (maroon) and late (red) trials, for pTCs (bottom) and pMCs (top) independently. Right: Left: plot of average peak discriminability in the first 170 ms of the stimulus for early, mid and late trials for pTCs (blue) and pMCs (red) Plot shows mean, and error bars show SD across 5 trial subsets. (G) Right: Euclidean distances (as in Figure 4 ) for the detectability between CS+ and CS-during early (black), mid (maroon) and late (red) trials, for pTCs (bottom) and pMCs (top) independently. Left: plot of average peak detectability in the first 170 ms of the stimulus for early, mid and late trials for pTCs (blue) and pMCs (red) Plot shows mean, and errorbars show SD across 5 trial subsets. (Figure 3) , which corresponds to changes in odor response (Figure 4 and 5), ultimately serving 462 to improve odor representation. Moreover, we show that this cannot be predicted from simple 463 feed-forward mechanisms ( Figure 6 ), a feature which only holds true during odor sampling 464 ( Figure 7) , and occurs in a cell-type specific manner (Figure 8 ). Thus, we provide new 465 evidence for coordinated modulation of early sensory processing during active sampling 466 epochs, which serves to enhance early odor representation. 467
Rodents alter their sniffing pattern in all kinds of contexts (Wachowiak, 2011) , both in absence 468 of odor (Bramble and Carrier, 1983 note that some variance in response cannot be explained by active sampling, such as the 482 increases in inhibition during learning we note here ( Figure 4E to be seen. 510
In conclusion, early sensory activity in the olfactory bulb is modulated by dynamic adjustments 511 in the closed-loop pathway that coordinates active sniffing (Ahissar and Assa, 2016), yielding 512 enhanced sensory representation during olfactory behavior. 513
